kurtosis eliminated dramatic deviations in the quantilequantile plot. Conclusion: We developed computationally efficient methods for identifying host genetic variants associated with microbiome composition by testing many distance matrices. The algorithms are implemented in the package microbiomeGWAS (https://github.com/lsncibb/microbiomeGWAS).
. Thus, identifying and understanding factors that affect microbiome composition and diversity is crucial for elucidating the etiology of human complex diseases and opportunities for prevention.
Evidence suggests that microbiome composition at a specific body site may be shaped by host genetics. As an example, genetic loci have been reported to be associated with the relative abundance (RA) of specific taxa of the gut microbiome based on linkage studies in mice [13, 14] and based on association studies in humans [15] . Interestingly, Knights et al. [16] reported that a risk singlenucleotide polymorphism (SNP) for inflammatory bowel disease located in NOD2 was associated with the RA of Enterobacteriaceae in the human gut microbiome, providing an interesting hypothesis that the genetic locus affects the risk of inflammatory bowel disease by affecting the gut microbiome. Blekhman et al. [15] performed genetic studies across body sites in the Human Microbiome Project data and found that host genetic variants associated with microbiome composition were enriched in immunity-related pathways. In addition, a large-scale twin study suggested a strong genetic component for human gut microbiome [17] . These studies imply that identifying host genetic variants associated with microbiome composition has the potential to explain variability of human microbiome composition and to elucidate biological mechanisms for genetic associations with complex diseases.
In a microbiome genome-wide association study (GWAS), one may test the genetic association using alpha diversity metrics or RA of each taxon as phenotype. Because a microbiota functions as a community, one important analysis is testing genetic associations with beta diversity, that is, with a pairwise distance matrix defined based on 16S rRNA sequence data. At a truly associated SNP, microbiome distances are generally smaller for pairs of subjects with more similar genotypic values, i.e., the microbiome distance is positively associated with the genetic distance across subject pairs. Microbiome distances can be defined in different ways, based on phylogenetic tree information or on each taxon's abundance information. Bray-Curtis dissimilarity [18] , Kullback-Leibler divergence, UniFrac [19] [20] [21] , and generalized UniFrac (GUniFrac) distance [22] are widely used beta-diversity metrics.
We have recently developed a statistical framework, microbiomeGWAS [23] , for identifying host genetic variants associated with microbiome composition using a single distance matrix. Previous reports and our empirical data [23] suggest that the power to identify associated genetic loci depends on which distance matrix is employed. As an example, based on a lung tissue microbiome GWAS study, a lung cancer risk SNP rs401681 located on chromosome 5p15.33 (CLPTM1L) was ambiguously associated with unweighted UniFrac distance matrix with p = 0.056 and more clearly with weighted UniFrac distance matrix with p = 0.005. This problem has been well realized in microbiome data analysis. Frequently, associations in nongenetic studies (e.g., case-control studies) are tested using multiple distance matrices, and the most significant association is reported without explicitly accounting for multiple testing, which obviously causes an inflated type-I error rate. MiRKAT [24] , a recently developed method for testing associations between microbiome composition and a trait (quantitative or binary), has the option for testing many distance matrices. However, MiRKAT relies on permutations to evaluate significance and thus is not feasible for analyzing millions of SNPs in GWAS.
In this article, we extend our previous analytic framework, microbiomeGWAS [23] , to test the association with many microbiome distance matrices. The overall test statistic is defined as the strongest association (measured as the p value of each score statistic) across all tested distance matrices. We calculate the significance by correcting for the multiple testing imposed by testing many distance matrices. Importantly, we show that the skewness and kurtosis of each score statistic make the pvalue approximation based on the asymptotic normal assumption too liberal, which is addressed by explicitly correcting for skewness and kurtosis of score statistics. The accuracy of the approximations is verified by extensive simulations. These theoretic investigations allow us to develop algorithms for efficiently analyzing genome-wide SNP markers in a GWAS study without relying on computationally intensive permutations. The algorithms are implemented in the software package microbiomeGWAS (https://github.com/lsncibb/microbiomeGWAS). The computational complexity depends on the number of subjects, the number of SNPs, and the number of microbiome distance matrices. It takes microbiomeGWAS about 12 h to analyze data in a GWAS with 2,000 subjects, 500,000 SNPs, and 14 microbiome distance matrices using a single core.
We applied our methods to nonmalignant lung tissue samples in the Environment And Genetics in Lung cancer Etiology (EAGLE) study [25] . We show that correcting for skewness and kurtosis eliminated dramatic deviations in the quantile-quantile (QQ) plot based on asymptotic approximations.
Methods

A Score Statistic for a Single Microbiome Distance Matrix
Suppose that we have a set of N subjects genotyped with SNP arrays. For simplicity, we consider 1 SNP with minor allele frequency (MAF) f . Let g i represent the number of minor alleles for subject i . We assume that the 16S rRNA gene has been sequenced for all microbiome samples of a specific body site. We first consider one beta diversity distance matrix D = ( d ij ). If the SNP is associated with the distance matrix, then the microbiome distances tend to be smaller for pairs of subjects when they have identical genotypic values at the SNP ( fig. 1 ). Statistically speaking, we need to test whether the pairwise microbiome distance is positively associated with the genetic distance across subject pairs, which was described in our previous paper [23] . Here, we briefly summarize the score statistic for readers' convenience.
Let G ij = | g i -g j | be the genetic distance. We assume d ij = α + βG ij + ε ij for all pairs of subjects. The score statistic for testing H 0 :
Under H 0 : β = 0, the variance of S conditioning on D was derived as
by taking into account the dependence in ( G ij , G mn ). Here,
The variance-scaled score statistic Z = S / σ ∼ N (0, 1) asymptotically. Note that the variance σ 2 = var 0 ( S | D ) is calculated conditioning on the distance matrix D ; thus, it does not depend on the assumption of the distribution for pairwise distances. This makes the null distribution 'nonparametric' to the microbiome pairwise distances, an important statistical property previously studied extensively for quantitative trait loci mapping studies based on human families [26] . This framework can also adjust for covariates, e.g., principal component scores derived based on genotypes. Let X i = ( x i 1 , ..., x iv ) denote the v covariates for the i -th subject. We assume
It is easy to verify that the score equation for β evaluated at 
Testing Association for Multiple Microbiome Distance Matrices
We now consider K distance matrices (
We are interested in testing whether the SNP is associated with any of the K microbiome distance matrices. For each distance matrix D k , we denote the score equation as S k , its variance as σ
, and the score statistic as Z k = S k / σ k . The overall statistic for testing the global null hypothesis that none of the K distance matrices is associated with the SNP is defined as 0 1 max .
We aim to derive an accurate approximation to the significance for a threshold b:
To proceed, we first derive the correlation matrix for ( If a SNP is associated with microbiome beta diversity, the pairwise microbiome distances are positively correlated with genetic distances across all pairs of subjects. Here, g i ∈ {0, 1, 2} is the genotypic value for subject i and | g i -g j | is the genotypic distance for a subject pair ( i , f ). The plot is based on all N ( N -1) / 2 pairs of subjects. Numerical calculations suggest that the approximation is very accurate when sample size N ≥ 50. Importantly, ρ 0 st depends only on the distance matrices but not the MAF of the SNP ( fig. 2 a) . Thus, we only need to calculate ρ 0 st once and use it for all SNPs in the genome. Let
Assuming that ( Z 1 , ..., Z K ) follows a multivariate normal distribution with correlation matrix ∑ , the significance P 0 (max 1 ≤ k ≤ K Z k > b ) can be calculated using the function pmvnorm in the R package mvtnorm [27, 28] .
Improve the p-Value Approximation by Correcting for Skewness and Kurtosis
In our recent work [23] , we showed that the score statistic Z t had positive skewness
k -3 because of the dependence in the pairwise distances. The skewness and kurtosis make the score statistic Z k have a long tail, which leads to a liberal p-value approximation based on the asymptotic distribution N(0, 1), particularly for small p values. We developed an approximation to the tail prob-
where
, and Φ( · ) is the cumulative distribution function of N (0, 1) [23, 26, 29, 30] . The magnitude of skewness and kurtosis depends on the sample size N, the MAF of the SNP, and the microbiome distance matrix ( fig. 2 b, c) . Again, the skewness and kurtosis are calculated conditioning on distance matrices.
For a given SNP in one study, the skewness γ k and kurtosis κ k may vary substantially across microbiome distance matrices. As an empirical example, for 100 microbiome samples randomly selected from the American Gut Project (AGP), skewness and kurtosis are quite different ( table 1 ) for Z u (based on unweighted UniFrac distance matrix) and Z w (based on weighted UniFrac distance matrix). According to equation 9, the p value P ( Z u > b ) may be very different from P ( Z w > b ) for a large value of b . As numeric example, P ( Z u > 8) = 1.2 × 10 -9 and P ( Z w > 8) = 5.6 × 10 -9 . The numerical examples in table 1 suggest that, given ( Z 1 ,..., Z K ) corresponding to K distance matrices, defining T 0 = max 1 ≤ k ≤ K Z k as the overall statistic is not appropriate because the test values are not directly comparable due to the different null distributions characterized by skewness and kurtosis. Instead, we first calculate the significance p t by correcting for the specific skewness γ t and kurtosis κ t using equation 9 and derive the normal quantile q t = Φ(1 -p t ). The overall statistic is then defined as
Importantly, the skewness and kurtosis correction in equation 9 has appreciable impact only on the tail of the marginal distribution of each Z t ; thus, it has negligible impact on the correlation between two statistics, i.e., cor 0 ( q s , q t ) ≈ cor 0 ( Z s , Z t ), as is demonstrated in numerical examples in figure 2 d. Under the assumption that ( q 1 , ..., q K ) follows a multivariate normal distribution with correlation matrix Σ , we can use the function pnvtnorm in the R package mvtnorm to calculate the significance
Efficient Approximation of p Values for Genome-Wide Analysis
for millions of SNPs in GWAS using the R package mvtnorm is computationally intensive. To address the issue, we propose a hybrid, computationally efficient strategy, which relies on the observation that the correlation matrix ∑ defined in , we use mvtnorm to calculate P 0 (max 1 ≤ t ≤ K q t > b ) to refine the approximation. The number of SNPs in this category may range from 100 to 1,000, depending on how many SNPs are tested in total and the number of truly associated SNPs. Typically, it takes a few minutes to evaluate the significance for all SNPs in the GWAS.
Simulations
We performed simulations to investigate the type-I error rate of the overall statistics T 0 (not adjusted for skewness and kurtosis) and T 1 (adjusted for skewness and kurtosis). We performed simulations using sample size N = 100, 200, 500, and 1,000. The MAF of the SNP was chosen as 20 and 50%. To make simulations realistic, we used the fecal microbiome samples with the 16S rRNA V4 region sequences from the AGP. All data were downloaded from The calculation was based on 100 samples randomly selected from the American Gut Project.
a Score statistic based on unweighted UniFrac distance matrix. b Score statistic based on weighted UniFrac distance matrix. 2 . a Correlation between score statistics based on two distance matrices is nearly constant for SNPs with different MAF. Correlations were calculated based on the samples randomly selected from the American Gut Project. Here, Z u and Z w are score statistics using unweighted and weighted UniFrac distance matrices. Z E p is the score statistic using the Euclidean distance matrix based on the RA of the taxa in the phylum level. b Skewness of the score statistic depends on the MAF of SNP, sample size, and distance matrix. 'Weighted', the score statistic using weighted UniFrac distance matrix; 'unweighted', the score statistic using unweighted UniFrac distance matrix. c Kurtosis of the score statistic depends on the MAF of SNP, sample size, and distance matrix. d The x (y) coordinate is the correlation between score statistics before (after) correcting for skewness and kurtosis. Because we considered score statistics for 14 distance matrices, we have 14 × 13/2 = 91 correlation values. The figure shows that cor ( Z s , Z t ) ≈ cor ( q s , q t ), i.e., adjusting for skewness and kurtosis does not numerically change correlation of score statistics. the AGP website (https://github.com/biocore/AmericanGut). Samples were excluded from our analysis if they had less than 10,000 sequence reads or had a self-reported history of antibiotic usage within 1 month. After quality control, 1,879 subjects remained. All samples were rarefied to have 10,000 reads.
GWAS of Human Microbiome Composition
Our simulations used 14 microbiome distance matrices, including weighted and unweighted UniFrac distance matrices calculated using QIIME [2] and 12 distance matrices based on RA of taxa at different levels (species, genus, family, order, class, and phylum). As an example, let X i = ( x i 1 , ..., x in ) denote the RA of n taxa for subject i at the phylum level. For a subject pair ( i , j ), we calculate the Euclidean distance The Euclidean distance is dominated by the most abundant taxon and is not robust. Thus, we define a rankbased distance metric. For each k , let r ik be the rank of x ik in { x 1 k , ..., x Nk } across N subjects. The rank-based distance is calculated as ∑ For each setting, the type-I error rates were evaluated based on 10 7 simulations under H 0 . The simulations were done by randomly simulating genotypes given MAF while independent of 14 distance matrices. The type-I error rates are summarized in table 2 . T 0 , the overall statistic not adjusted for skewness and kurtosis, had unacceptably high type-I error rates, particularly when the level α was small or the sample size was small. On the other hand, T 1 , the overall statistic adjusted for skewness and kurtosis, had an acceptable type-I error. As a numerical example, for α = 10 -6 , MAF = 0.2, and sample size 100, the empirical type-I error rate of T 0 was 3.4 × 10 -4 , a 340-fold inflation compared to the specified level α = 10 -6 . As comparison, the empirical type-I error rate of T 1 was 7.0 × 10 -7 (s.e. = 3.2 × 10 -7 ), which is consistent with the specified level α = 10 -6 . As sample size increased, the type-I error rate of T 0 tended to more accurate. However, even with 1,000 samples, T 0 had a type-I error 1.8 × 10 -5 , an 18-fold inflation. This set of simulations demonstrates the necessity and accuracy of the p-value approximation based on skewness and kurtosis correction.
GWAS of Microbiome Diversity in Adjacent Normal Lung Tissues
We applied our method to a set of lung cancer patient samples in the EAGLE study [25] with both genome-wide Table 2 . Type-I error rate estimates for 2 statistics using multiple distance matrices, 10 7 simulations
Sample size, n α = 0.05 α = 0.01 α = 0.001 α = 10 genetic data [31] and microbiome data from adjacent, noncancer tissues. The microbiome data were obtained by sequencing 16S rRNA V3-V4 region amplicons on the Illumina MiSeq sequencing platform. Details for data quality control were presented in previous paper [23] . After quality control, 147 samples with at least 1,000 highquality sequence reads were left for genetic association analysis. We tested associations for 383,262 common, autosomal SNPs with MAF ≥ 10%. Similar to the simulation study, we used 14 distance matrices for association analysis: unweighted and weighted UniFrac distance matrices, Euclidean distance matrices for six levels (species, genus, family, order, class, and phylum), and rank-based distance matrices for the same six levels. We calculated the correlation for each pair of score statistics cor ( Z i , Z j ), as reported in figure 3 . The six score statistics based on Euclidean distance matrices were highly correlated. The six score statistics based on rank distance matrices were also highly correlated. However, the score statistics had low correlation between Euclidean and rank-based distance matrices. The score statistics based on UniFrac distance matrices were not highly correlated with those based on distance matrices calculated based on taxa RA.
We tested genetic associations for 383,262 SNPs using both T 0 and T 1 . The QQ plot for T 0 dramatically deviated from the global null hypothesis ( fig. 4) , suggesting a systematic bias when evaluating p values. The QQ plot for T 1 did not deviate from the global null hypothesis ( fig. 4) , which is expected given the small sample size. These results suggest that our methods for adjusting skewness and kurtosis can produce accurate p values even for studies with small sample sizes. The top SNP rs1334079 had p < 10 -9 based on T 0 , but its significance dropped to 1.7 × 10 -6 based on T 1 , suggesting the huge impact of skewness and kurtosis when evaluating small p values.
We did not identify SNPs achieving genome-wide significance, primarily because of the small sample size. Table 3 presents the results for the top four SNPs (each from four genetic loci) with p < 10 -5 . For each SNP, we report the score statistic values (after adjusting for skewness and kurtosis) for the 14 distance matrices. The strongest association may come from different distance matrices, indicating the importance of testing multiple distance matrices for associations. These results are based on a small study and need to be replicated in future study to establish biological significance. Fig. 3 . Correlations between score statistics based on different distance matrices calculated in the EAGLE microbiome data. Here, Z E p and Z R p represent the score statistics using the Euclidean distance matrix and the rank-based distance matrix for taxa at the phylum level, respectively. 'c' represents the class level; 'o' represents the order level; 'f' represents the family level, ' g ' represents the genus level, and 's' represents the species level. Z u and Z w represent the score statistics using unweighted and weighted UniFrac distance matrices, respectively.
Discussion
In this paper, we develop a statistical method for identifying host genetic variants associated with human microbiome composition by testing multiple microbiome distance matrices. We define the overall statistic as the strongest association across tested distance matrices, adjusted for multiple testing. The complexity of calculating statistics is N 2 × K × L , where N is the sample size, K is the number of microbiome distance matrices, and L is the number of SNPs in GWAS. It is computationally infeasible to perform permutations to derive significance for a large-scale GWAS. Thus, the primary challenge is to evaluate the significance. Our method for efficiently and accurately evaluating significance relies on two theoretical investigations. First, we corrected the score statistics for their skewness and kurtosis, and we found that the corrected score statistics follow a multivariate distribution under the null hypothesis. Second, we demonstrated that the correlation matrix of the score statistics is numerically constant for SNPs with different MAF; thus, we only need to calculate the correlation matrix once and use it for all SNPs. The accuracy of the method was verified by large-scale simulations.
We applied the method to the EAGLE lung microbiome GWAS with 147 samples. As expected, we did not identify genome-wide significant SNPs because of limited statistical power. Using this empirical example, we show that correcting for the skewness and kurtosis of score statistics, induced by the dependence of pairwise distances, is crucial for evaluating significance. The p-value approximation based on the asymptotic theory gives a liberal p value, particularly for small p values and when sample size is small. Importantly, our method eliminated the deviation in the QQ plot.
Currently, our method was developed for genotyped SNPs. We are working to extend the method to handle imputed SNPs by modelling the imputation uncertainty, which will allow convenient meta-analysis in the future. Another extension will be to test genetic interaction with microbiome composition for many distance matrices. This extension may be valuable for alterations of the microbiome not only by genetics but also by environmental For each SNP, we report the Z-score statistic values for 14 different microbiome distance matrices, the maximum Z-score and the p value for the SNP. The Z-score statistic values reported have been adjusted for skewness and kurtosis. p, phylum; c, class; o, order; f, family; g, genus; s, species. QQ plot for -log 10 (p) for 383,262 common SNPs in the EAGLE lung tissue microbiome GWAS. The red QQ plot is for T 0 , the statistic not adjusted for skewness and kurtosis. The blue QQ plot is for T 1 , the statistic adjusted for skewness and kurtosis.
Color version available online factors such as smoking, diets, and medications. Finally, we point out that we have used the strongest association T 1 = max 1 ≤ t ≤ K q t in equation 10 as the overall statistic, as was also used in MiRKAT [24] . This statistic is optimal only when associations are driven by one single matrix. Where multiple distance matrices are independently associated with a SNP, many other statistics may be used to achieve a robust statistical power when the true alternative hypothesis is unknown. These statistics include weighted sum statistic, rank truncated product method (RTP) [32] , adaptive RTP (ARTP) [33, 34] , and truncated product method (TPM) [32] . However, computationally expensive permutations are required to evaluate significance for these more complex statistics.
